Destination choice models can be embedded in travel demand models to understand travel 2 behavior and forecast future scenarios. Utility-based destination choice models can account for 3 individual travel behavior and are therefore suitable for agent-based models. Accounting for 4 destination capacities is also in line with the agent-based theory. Therefore, this paper addresses 5 the possibility and impact of introducing capacity constraints and their effect on choice behavior, 6 as well as the feasibility to apply such an approach in agent-based micro-simulations with 7 individual specific characteristics for each agent. 8 This paper describes a workplace choice model and its application in a large-scale simulation 9 of Singapore. One methodological and one technical achievement are highlighted in this paper.
INTRODUCTION
advantages that no sampling techniques is required and even complex models can be applied 23 without worrying about the sampling strategy. This is done e.g. in school choice models where 24 pupils are assigned to different schools (10) where the choice set is the set of potential schools 25 in a given area. When it comes to workplaces, normally the set of potential workplaces is 26 considerably larger. The workplaces are aggregated into zones to achieve reasonable calculation 27 times, as calculation time approximately linearly increases with the number of alternatives (e.g. 28 11). 29 
Capacity Constraints and Shadow Prices 30
Assuming a utility-based workplace choice model accounting for generalized travel costs, quality 31 of the destination, personal and situational variables, it can be argued that workplace choice 32 reflects the empirical behavior including a certain market competition for e.g. more centrally 33 located workplaces. However, the competition and market equilibrium for attractive workplaces 34 and low rents take place on a firm level with a different utility function. Therefore, we cannot a 35 priori assume a market clearing situation in the case of workplace location choice, as it might be 36 in case of housing and residential location (e.g. 3, 12). Certain issues might lead to over-and 37 under-saturated workplace locations after applying a utility-based destination choice model: 38 1. Generalized travel costs are essential in destination choice models. They are negatively 39 weighted within the utility function, meaning that nearer locations are preferred compared 40 to destinations further away. Assuming a situation with spatially separated residential and 41 workplaces, it might be that the travel cost weights are lower when the calculations are 42 based on an RP survey than in reality. If commuters would really be able to compete for 43 nearby and attractive workplaces, the weights for travel costs might be different. 44 2. Destination choice models obviously heavily depend on survey data. Whenever the survey 45 data is stratified or biased with regards to spatial attributes, it can be assumed that certain (commuting) behaviors are not well captured for a given stratum within the model. It is 1 possible to overcome this problem by estimating parameters for the under-represented 2 strata, but a certain parameter bias can be expected to persist after parameter estimation, 3 and therefore a bias in the destination choice model applications. 4 3. (a) Recent very elaborate discrete choice models can deal with complex choice situations, 5 e.g. spatial correlation (see also Section "Destination Choice Modeling"). However, 6 it is still possible that not all the correlations are actually captured within the model. 7 Therefore, systematic errors might still be possible. costs. E.g. (2) included a differentiated distance function, composed of six terms. 10 One can assume that the perception can be approximated with complex functions, 11 but residual errors might still remain and bias the modeling outcome. 
22
The idea of shadow prices is proposed in the following to account for many of the above 23 issues in destination model applications. Shadow prices are applied differently in various studies.
24
In economics, shadow prices are used to estimate unknown costs of a certain good or alternative.
25
In the following, shadow prices are applied as an additional impedance for attractive but limited 26 alternatives. Shadow prices should therefore reflect the constraints of a certain alternative. In 27 microeconomics and productivity optimization, the constraints would be the price p ≥ 0, a stock 28 of X with sold units x where 0 ≤ x ≤ X, and the objective max(px). Customers buying the units 29 x optimize their utility u which is as well subject to time and budget constraints. We therefore 30 have (at least) two dependent optimization problems with various constraints. Any resource 31 is considered as constraint (e.g. time, units) if the amount that customers would like to use 32 exceeds the amount available for them. In the case of an inefficient market, it might be possible 33 that the demand exceed the supply due to distributional effects, and a shadow price needs to be 34 implemented to still be able to solve the optimization problem (13). This idea of the shadow 35 prices is transferred and adjusted in the following for the destination choice situation.
36
In destination choice, shadow prices can be assigned to designated destinations and can 37 be regarded as additional impedance for persons choosing these destinations. Shadow prices 38 therefore are able to account for constraints of certain alternatives which cannot be captured pricing. (12) modeled the housing market and provided a detailed definition of the shadow prices.
45
(12) stated that the the prices in the housing marked might clear the housing market depending 46 on the specific situation. They presented algorithms for constant and variable demand in the Vitins, B., Erath, A. and Axhausen, K.W. 5 housing market. The case of workplace models described in this paper is different (compared 1 to e.g. (12)) and especially office rents are not fully mirrored in the utilities of the employees. nearly every building has its own zip code (generally a single high rise building), leading to 40 approximately 163'000 zip code entries including spatial coordinates for the entire country. This 41 has the advantage that the coordinates are known for every trip origin and destination.
42
For the estimated choice model, it is important to know that the model is generated for use 43 Vitins, B., Erath, A. and Axhausen, K.W. 6 with a synthetic population (see Section "Methodology") with a limited number of descriptive 1 variables. Therefore, certain variables are ignored during model estimation due to the fact that 2 they are not available for the synthetic population. Occupation types and individual income 3 are considered as essential variables for choice modeling. Both person-related variables are 4 available in the synthetic population and can be implemented in generalized utility function, 5 however, individual income was favored due to potential future income changes and adaption in 6 future scenarios. Income is subdivided into 12 categories from 0$ to above 8'000$ for every
The main purpose of the spatial data within the destination choice model is to provide information 10 about the destination quality, such as number of workplaces. Additionally, spatial attributes can 11 be linked with personal attributes in generalized utility functions. The workplace choice model is embedded in a demand generation process with the purpose 39 to provide daily plans for an agent-based micro-simulation for the MATSim platform (22).
40
MATSim simulates the physical movements within the given infrastructure network, as well as 41 optimizes travel utility related to departure time, secondary location, travel mode and joint trips.
as well as the work, education, shop, leisure location choice of each agent within the synthetic 1 population.
2
The synthetic population is based on a Bayesian network approach. The Bayesian network 3 approach allows to represent and reproduce the structure of the population. It can be described households are assigned to a specific zip code, which means that the are well-defined in space 12 and therefore can serve as a starting point for commuters.
13
In addition to the data generated in the synthetic population, the choice of owning a car as a 14 household, and having a license as a person is additionally modelled by discrete choice models 15 to predict changes based on future potential scenarios. The decision of going to work is done by 16 applying an MNL model as well, which is based on the available data of the synthetic population 17 (35.2% of the population go to work on weekdays based on the census). The choice of going for 18 work and location choice is modeled sequentially.
19
The workplace choice model is described in detail in the remaining subsections below. approximately 43%, home-education-home (h-e-h) 27%, and home-leisure-home (h-l-h) 9%. 25 We assume underreported very short trips in HITS 2012, however, this issue is out of scope 26 for this paper. Based on the reported data, is is considered to apply a straightforward work with the hopefully small risk of biased parameter values for the explanatory variables due to 36 unobserved spatial correlation (see (4) for an estimate on the potential parameter difference 37 between different models). A rather large data set of 12'292 commuting trips is available (19), 38 therefore calculation time is rather high, also given the number of alternatives. We excluded The authors are aware of alternative models like a NL with integrated mode choice. However, 3 calculation time increases considerably for a model with ∼1169 destination zones. It was 4 considered as more straightforward to focus on the utility function compared to focussing on the 5 mode choice interaction and correlation, also due to the arguments above. It is assumed that the number of workplaces at a given destination is known and fixed for the In the following it is assumed that there is a certain balance between the workplaces provided that this balance cannot be determined deterministically, and therefore an iterative procedure is 43 derived and proposed in the following to approximate this balanced situation (similar to (25) who addressed parking lot capacities). 1 Starting with the utility maximization approach, the probability p i, j of choosing an alternative 2 destination j based on origin i is based on the well-known standard logistic regression:
whereas u i, j is the deterministic utility of alternative j. P i is the number of persons commuting 
The vectors λ 1 and λ 2 are added as Lagrange multipliers. λ 1 has length i, λ 2 has length j:
Now, the optimality conditions of (4) are (λ 2 ≥ 0):
λ 2 is responsible that the capacities are not exceeded and is therefore referred to as shadow 5 price. Unlike (3a) -(3c), the dual problem (6a) -(6b) comes without constraints; λ 1 and λ 2 can 6 be determined by solving (6a) and (6b) iteratively.
7
For efficiency, all the variables in (6a) and (6b) are transformed: α = e −λ 1 , β = e −λ 2 , 8 U i, j = e −u i, j , whereas α, β, U > 0 and β < 1:
Efficient Algorithm to Determine the Shadow Prices 13 Algorithm 1 describes an iterative procedure to determine the shadow prices. t is the threshold Algorithm 1 Shadow price calculation. n ← 0 β n ← 1 while C − P < t do 1. Calculate the demand g i, j,n for each pair i, j based on (5) and (7a):
2. Recalculate the β parameters based on (5) and (7b):
3. n ← n + 1 end while Shadow prices (λ 2 ) ← -log( β) Terminate. 14 value and describes how much the capacity should not be exceeded at a given destination. E.g. 15 t = −2 means that the capacity can be exceeded by maximum 2. Algorithm 1 approximates a 16 balanced situation within an adequate number of iterations where all commuters are assigned to 17 a workplace. The shadow prices λ 2 can therefore be seen as an additional (negative) utility for each person to respect the capacity constraints. It might be possible that a similar situation is 1 reached by randomly assign weights to the locations, however, it is definitely worth to know 2 how to efficiently approximate a balanced situation where all the commuters find a designated 3 working location.
4

RESULTS
5
The results are twofold. The first part describes the estimated destination choice model. The The results are described below for each element of the utility function listed above (Section 9 "Utility Function"). for the generalized utilities are significant through many different model estimations.
35
The considered variables and parameters might contribute to a specific stratum, however, 36 their contribution to the overall fitness of the model is rather low. This is because 37 every parameter can contribute only in its very specific combination, e.g. in the case of 38 calculating the utility for a person with high income travelling to a business zone.
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(c) Shadow prices λ 2 at iteration 10.
FIGURE 3 Population, workplace and shadow prices distributions in Singapore.
Vitins, B., Erath, A. and Axhausen, K.W.
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SUMMARY AND OUTLOOK
1 This paper shows that capacity restrictions on destinations can be efficiently implemented in 2 large-scale agent-based models while maintaining choice heterogeneity. It also could be shown 3 that today destination choice models with elaborate utility functions can be applied in larger case 4 study areas based on large data sets and large number of destinations, compared to earlier studies. 
